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Abstract: GenomicLand is a free, open-source platform for genomic prediction 
and genome-wide association studies. Developed in R software using Shiny, 
it supports diploid and polyploid datasets and integrates statistical learning, 
Bayesian, machine learning, and neural network methods. GenomicLand pro-
vides an accessible environment for researchers, breeders, and students.
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INTRODUCTION

GenomicLand is a free software platform developed for genomic prediction 
and genome-wide association studies (GWAS). The first version was released 
in 2019 (Azevedo et al. 2019), combining R for analytical methods and Python 
for the graphical user interface. The current version has been fully migrated to 
R using the Shiny framework, improving accessibility, integration, and usability. 
GenomicLand provides a unified graphical interface compatible with Windows 
and Linux operating systems and supports phenotypic and genomic data from 
diploid and polyploid species.

Genome-wide selection (GWS) and GWAS are key tools in modern 
breeding programs. These approaches improve the accuracy of genetic 
value prediction (Meuwissen et al. 2001, Wellmann and Bennewitz 2012), 
accelerate the identification of superior genotypes (Vandenplas et al. 
2018), increase genetic gain, and reduce generation intervals (Resende 
et al 2012). Additionally, they support parental selection by identifying 
individuals with desirable genetic profiles for future crosses. GWAS also 
contributes to understanding the genetic architecture of complex traits by 
identifying genomic regions associated with phenotypic variation (Uffelmann 
et al. 2021). However, implementing these methodologies often requires 
programming expertise and the integration of multiple tools, which may 
limit their accessibility to a broader user community.

The availability of free and user-friendly software is essential for 
expanding access to advanced genomic analyses. GenomicLand addresses 
this gap by integrating statistical learning, mixed models, Bayesian inference, 
machine learning, and artificial intelligence methods into a single analytical 
environment, enabling genomic analyses without requiring advanced 
programming skills.
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The current version expands its capabilities by supporting additive and non-additive models, diploid and 
polyploid species, genomic prediction, GWAS, genotype-by-environment interaction analyses, and multivariate 
approaches for multi-trait and multi-environment data.

SOFTWARE ARCHITECTURE

GenomicLand was developed entirely in the R programming language using the Shiny framework. The software 
architecture adopts a modular architecture that integrates data processing, statistical modeling, and visualization within 
a unified analytical environment (Figure 1A).

The system architecture comprises three main layers: i) a user interface layer, which allows users to upload datasets, 
configure model parameters, and visualize analytical results through a graphical interface; ii) a computational layer, 
responsible for executing statistical and machine learning analyses using established R packages and custom routines; 
and iii) a visualization layer, which generates graphical outputs such as heatmaps, GWAS Manhattan plots, linkage 
disequilibrium (LD) decay curves, and model diagnostic plots.

GenomicLand is available for Windows and Linux operating systems; it is freely accessible at https://www.licae.ufv.
br/genomicland/. The software supports genotype and phenotype datasets in standard tabular formats (e.g., CSV, TXT, 
and XLSX files) and provides example datasets to facilitate testing and reproducibility.

This architecture facilitates the seamless integration of multiple analytical approaches, thereby reducing the need 
for external tools and simplifying complex genomic analyses for users with varying levels of programming experience. 
This integrated design distinguishes GenomicLand from single-purpose tools by providing an integrated environment 
for end-to-end genomic analyses.

INPUT DATA STRUCTURE

GenomicLand requires genotype and phenotype data in standardized tabular formats to ensure compatibility across 
all analytical modules.

Genotype data
The genotype file is organized with genetic markers (single nucleotide polymorphisms, SNPs) in rows and individuals in 

columns. The first columns contain marker information, including the SNP identifier, chromosome, and genomic position, 
expressed either as a physical (base pairs) or genetic (centiMorgans) position. The remaining columns correspond to 
individual genotypes.

Phenotype data
The phenotype file is organized with individuals in rows. The first column contains individual identifiers matching 

those in the genotype file, whereas subsequent columns contain phenotypic traits and optional fixed and random effects.

This standardized structure ensures compatibility across analytical modules and facilitates genomic analyses within 
the software.

AVAILABLE PROCEDURES

GenomicLand comprises a comprehensive set of analytical modules for data processing, GWS, and GWAS (Figure 
1A). These modules are integrated within a unified analytical environment and can be accessed through the main 
navigation menu, enabling users to perform exploratory analyses, model fitting, prediction, and statistical inference 
within a structured workflow (Figure 1B).

Data preprocessing
The data preprocessing module provides tools for genotype data preparation, quality assessment, and exploratory 

analyses prior to genomic analyses (Figure 1C), including:
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1. Allelic dosage: Converts nucleotide genotypes into numerical allele dosage values ranging from 0 to the ploidy 
level. The most frequent nucleotide is designated as the reference (major) allele, whereas the less frequent nucleotide is 
considered the alternative (minor) allele. This encoding follows standard practices in genomic prediction and facilitates 
downstream statistical modeling.

2. Quality control: Enables the removal of markers with low minor allele frequency (MAF) and low call rate and 
individuals with excessive proportions of missing data.

Figure 1. GenomicLand graphical interface, analytical workflow, and data preprocessing module. (A) Main graphical user interface 
showing the analytical modules available in the software. (B) Analytical workflow from data input and preprocessing to genomic 
analyses and output generation. (C) Data preprocessing module, including quality control, imputation, allelic diversity, relationship 
matrix construction, linkage disequilibrium analysis, and SNP density visualization.
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3. Imputation: Missing allelic dosage values can be imputed using the marker incidence mean, mode, or a random 
imputation approach.

4. SNP density plot: Visualizes SNP distribution across the genome and highlights regions with varying marker density. 
Graphical outputs are generated using CMplot (LiLin-Yin 2024).

5. Allelic diversity: Estimates allele frequencies, polymorphic information content (PIC), observed heterozygosity, 
and expected heterozygosity.

6. Relationship matrix (G): Computes genomic relationship matrices for diploid and polyploid species. The module 
also generates heatmaps and principal component analysis (PCA) plots to support the evaluation of population structure 
and genomic relationships among individuals.

7. Linkage disequilibrium (LD): Estimates LD decay using marker data and genetic or physical distances. LD is quantified 
by the squared correlation coefficient (r²) between marker pairs and summarized through LD decay curves.

Interface and input configuration
As illustrated in Figure 1C, the data preprocessing module provides an integrated interface for defining input 

parameters and executing preprocessing procedures. Required inputs include the genotype file, missing-data coding 
scheme, ploidy level, output directory, and filtering thresholds.

Three standard actions are available throughout the software: Process Data, Load Example, and Clean Input. Users can 
execute analyses using their own datasets or explore the software functionality through internal example datasets. Each 
module includes specific input parameters and generates tailored outputs according to the selected procedure. These 
procedures contribute to data quality and reliability, supporting accurate and robust downstream genomic analyses.

Phenotype analysis
Phenotype correction: Phenotypic data can be adjusted for fixed and random effects, including categorical factors, 

numeric covariates, and population structure, via principal components (Azevedo et al. 2017). Depending on the analytical 
design, adjustments can be performed using linear regression or mixed models to obtain genotype-level best linear 
unbiased estimators (BLUEs; Holland and Piepho 2024) for downstream genomic analyses (Figure 2). All analyses are 
implemented using the R package sommer (Covarrubias-Pazaran 2016).

Genomic prediction methods
The genomic prediction modules provide outputs including genomic estimated values, heritability estimates, marker 

effects, goodness-of-fit statistics, and predictive ability and bias assessed through K-fold cross-validation.

Regularization and mixed models

This module implements genomic prediction methods based on regression coefficient shrinkage and linear mixed 
models (Figure 2). Available methods include least absolute shrinkage and selection operator (LASSO), pedigree-based 
best linear unbiased prediction (A-BLUP), genomic BLUP (G-BLUP), single-step BLUP (H-BLUP), and heterogeneous G-BLUP.

1. Least absolute shrinkage and selection operator (LASSO): LASSO performs simultaneous variable selection and 
regularization through a shrinkage parameter (λ), optimized by K-fold cross-validation, producing sparse models by 
shrinking some coefficients to zero (Tibshirani 1996).

2. Mixed model methods: This module implements A-BLUP, G-BLUP, and H-BLUP based on pedigree (A), genomic (G), 
or combined (H) relationship matrices (Henderson 1975, VanRaden 2008, Legarra et al. 2014). These methods fit linear 
mixed models that accommodate fixed and random effects, including categorical factors and continuous covariates. 
Variance components are estimated by restricted maximum likelihood, and breeding values are obtained through BLUP. 
The module supports heterogeneous G-BLUP, which incorporates marker-specific weights when constructing the G matrix 
(Su et al. 2014). All models are fit using the R package sommer (Covarrubias-Pazaran 2016), and relationship matrices 
are computed using AGHmatrix (Amadeu et al. 2023).
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Bayesian methods
This module implements marker-based Bayesian genomic prediction models that differ in their prior assumptions 

regarding marker effects and kernel-based approaches for estimating genomic values (Pérez and de los Campos 2014).

1. Bayesian ridge regression (BRR): Assumes homogeneous shrinkage, such that all marker effects are shrunk toward 
zero equally.

2. BayesA: Assumes heterogeneous shrinkage, allowing each marker to have its own variance and effect-specific 
shrinkage.

3. BayesB: Assumes that a user-defined proportion (π) of markers has no effect, whereas the remaining markers are 
modeled using heterogeneous shrinkage.

4. BayesCπ: Combines a point mass at zero with homogeneous shrinkage, while estimating the proportion of markers 
with non-zero effects from the data.

5. BayesDπ: Extends BayesCπ by assuming heterogeneous shrinkage for markers with non-zero effects.

6. Bayesian least absolute shrinkage and selection operator (BLASSO): Applies enhanced heterogeneous shrinkage 
to marker effects, favoring sparse solutions.

Figure 2. Overview of the analytical procedures implemented in GenomicLand. The figure summarizes the main analytical modules 
available in GenomicLand for genomic prediction and association studies. The software is organized into five major components: (1) 
Data preprocessing, including allelic dosage conversion, quality control, missing data imputation, SNP density visualization, allelic 
diversity analysis, genomic relationship matrix construction, and linkage disequilibrium (LD) analysis; (2) Phenotype analysis, including 
phenotype correction through fixed and random effects, covariates, and population structure adjustment; (3) Genomic prediction, 
encompassing regularization and mixed models, Bayesian methods, dimensionality reduction approaches, machine learning algo-
rithms, neural networks, non-additive models, genotype-by-environment (G×E) models, and multi-trait analyses; (4) Genome-wide 
association studies (GWAS), including single-marker, regional heritability mapping, and Bayesian GWAS approaches; and (5) Non-
additive GWAS, comprising additive, dominance, and epistatic association models.
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7. Reproducing kernel Hilbert space (RKHS): A non-parametric Bayesian approach that uses kernel matrices to model 
complex and potentially non-linear relationships between markers and phenotypes, allowing the capture of epistatic 
and other non-additive effects.

All Bayesian models are fit using the R package BGLR (Pérez and de los Campos 2014).

Dimensionality reduction methods
These methods transform high-dimensional predictors (e.g., marker incidence matrices) into a reduced set of latent 

components, improving computational efficiency and reducing collinearity (Azevedo et al. 2013). The optimal number 
of components is determined by K-fold cross-validation.

1. Principal component regression (PCR): Constructs uncorrelated components that maximize the variance explained 
by the predictor variables.

2. Partial least squares regression (PLSR): Constructs components that maximize the covariance between predictors 
and the response variable.

3. Independent component regression (ICR): Constructs statistically independent components to extract informative 
latent signals for prediction.

PCR and PLSR models are fit using the R package pls (Liland et al. 2024). ICR models are fit using functions from the 
R package caret (Kuhn 2008), combined with a custom ICR implementation based on Azevedo et al. (2013).

Machine learning methods
This module implements machine learning approaches for genomic prediction that can capture complex and potentially 

non-linear relationships between genetic markers and phenotypes (González-Camacho et al. 2018, Sousa et al. 2020, 
Oliveira et al. 2021, Oliveira et al. 2024).

1. Bootstrap aggregating (Bagging): Ensemble method that combines predictions from multiple regression trees 
fitted to bootstrap samples of the training data. Implemented using the R package ipred (Peters and Hothorn 2024).

2. Random Forest: Extension of Bagging that incorporates random subsets of predictors at each tree split to improve 
predictive performance. Implemented using the R package randomForest (Liaw and Wiener 2002).

4. Boosting: Sequential ensemble learning method in which trees are fitted iteratively to reduce prediction errors 
from previous iterations. Implemented using the R package gbm (Ridgeway and Developers 2026).

5. Multivariate adaptive regression splines (MARS): Non-parametric regression approach that models non-linear 
effects and interactions through piecewise linear splines. Implemented using the R package earth (Milborrow et al. 2024).

6. Quantile regression: Estimates predictor effects at user-defined quantiles of the response distribution, providing 
robustness to outliers and heterogeneous variances. Implemented using the R package quantreg (Koenker 2025).

Neural network methods
This module implements neural network models for genomic prediction that are particularly suitable for capturing 

complex non-linear and interaction effects among genetic markers (Cruz and Nascimento 2018, Costa et al. 2022).

Multilayer perceptron (MLP): (MLP): Feedforward neural network with one or more hidden layers for modeling 
complex non-linear relationships between predictors and response variables. Users can define the number of hidden 
layers, neurons, and activation functions. Models are implemented using neuralnet (Fritsch et al. 2019), with variable 
importance assessed using NeuralNetTools (Beck 2018) and model evaluation performed through K-fold cross-validation 
using caret (Kuhn 2008).

Non-additive models
This module extends the G-BLUP framework to include dominance and epistatic interactions, including additive × 

additive, additive × dominance, and dominance × dominance effects (Wellmann and Bennewitz 2011, Vitezica et al. 
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2013). By accounting for both additive and non-additive sources of genetic variation, these models provide a more 
comprehensive representation of the genetic architecture of complex traits. The significance of non-additive effects is 
evaluated using likelihood ratio tests. A Bayesian version of G-BLUP is also available with the same interaction structures, 
enabling model comparison based on the deviance information criterion (Wang et al. 2004, Wellmann and Bennewitz 
2012, Azevedo et al. 2015). The module additionally includes marker-based Bayesian models for the joint modeling of 
additive and dominance effects.

Genotype-by-environment (G×E) models
This module evaluates genotype performance across multiple environments by explicitly modeling genotype × 

environment interactions, enabling the identification of genotypes with stable performance or specific adaptability 
(Resende et al. 2014).

1. BG-BLUP GE: A Bayesian extension of the G-BLUP framework that incorporates environmental effects, genomic 
relationships, and G×E interactions within a linear mixed-model framework. The significance of G×E effects can be 
evaluated using likelihood ratio tests.

2. Multi-BG-BLUP GE: A multivariate Bayesian model for multi-environment data that jointly analyzes observations 
across environments, enabling the estimation of genetic correlations and potentially improving predictive performance 
by borrowing information across environments.

Multi-trait models
This module implements multivariate Bayesian linear mixed models for the joint analysis of multiple traits. The 

models accommodate fixed and random effects while estimating genetic correlations among traits. By leveraging 
information shared across correlated traits, these approaches can improve prediction accuracy and the estimation of 
genetic parameters.

Genome-wide association methods
This module implements GWAS methods based primarily on additive genetic effects, supporting analyses at both the 

individual-marker and genomic-region levels. These approaches enable the identification of genomic regions associated 
with phenotypic variation while accounting for population structure and genetic relatedness.

1. Single marker method (SMM): Individual SNPs are tested sequentially while controlling population structure 
through PCA and background polygenic effects using the genomic relationship matrix (G). The method adopts a leave-
one-chromosome-out (LOCO) strategy, in which chromosome-specific genomic relationship matrices are constructed 
excluding the chromosome under evaluation, reducing confounding between marker and polygenic effects. Analyses 
are implemented using the R package GWASpoly (Rosyara et al. 2016).

2. Regional heritability mapping (RHM): Estimates the heritability of predefined genomic regions, capturing the 
cumulative additive effects of markers within each segment (Suela et al. 2022). Population structure is accounted for 
through polygenic effects modeled using the genomic relationship matrix (G), and region size is defined by the user.

3. Alphabetic Bayesian methods: Bayesian GWAS analyses are performed using genomic prediction models under 
different prior assumptions. Genomic regions are identified through the window posterior probability of association 
(WPPA), which quantifies the proportion of genetic variance explained by markers within a genomic window (Fernando 
et al. 2017, Lima et al. 2022). Significance thresholds are user-defined.

Non-additive GWAS
This module extends the GWAS approaches described above by incorporating dominance effects, enabling the 

partitioning of genetic variance into additive and dominance components (Rosyara et al. 2016, Azevedo et al. 2022). By 
explicitly modeling non-additive genetic effects, these approaches may improve the detection of marker–trait associations 
when dominance contributes substantially to phenotypic variation.
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Application example
To demonstrate the functionality of GenomicLand, a publicly available dataset of Oryza sativa L. (Asian rice) was 

analyzed. The dataset comprised 413 individuals and 36,901 SNP markers generated through the OryzaSNP and OMAP 
projects (Ammiraju et al. 2006, Zhao et al. 2011).

Plant height was selected to illustrate the analytical workflow. Representative outputs included marker quality and 
genomic structure summaries (Figure 3A-D), genomic prediction results (Figure 3E-H), and genome-wide association 
analyses (Figure 3I-L). Marker quality assessment revealed adequate allele frequency distributions, linkage disequilibrium 
patterns, and genome-wide marker coverage. Genomic prediction analyses enabled the comparison of alternative 
methods in terms of predictive ability, heritability, prediction error, and computational time. GWAS analyses identified 
putative genomic regions associated with plant height and provided graphical outputs, including Manhattan plots, QQ 
plots, and genotype-specific phenotype distributions.

GenomicLand was developed primarily for educational and research purposes. The analyses presented here were 
performed on a workstation equipped with an Intel Core i7-13700 processor and 64 GB of RAM. Computational 
requirements depend on dataset size and analytical complexity, particularly for Bayesian and machine learning methods. 
Future developments will focus on improving computational efficiency and expanding analytical capabilities for genomic 
datasets.
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